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1 Introduction

We consider the problem of tracking multiple maneuvering targets in clutter. This class of problem
has received considerable attention in the literature [2],[5],[6],[11]. The switching multiple model
approach has been found to be quite effective in modeling highly maneuvering targets [2], [4]-[7].
In this approach various “modes” of target motion are represented by distinct kinematic models,
and in a Bayesian framework, the target maneuvers are modeled by switchings among these models
controlled by a Markov chain. In the presence of cluﬁter, the rﬁeasurements at the sensors may not

all have originated from the target-of-interest. In this case one has to solve the problem of data

-association. An effective approach in a Bayesian framework is that of probabilistic data association

(PDA) [2], [4] for a single target in clutter and that of joint probabilistic data association (JPDA)
(2], [5], [11] for multiple targets in clutter.

It is assumed that the number of targets is known (say N) and that for each target, a track has
been formed (initiated) and our objective is that of track maintenance. In [12] such a problem has
been considered for a single target using multiple sensors, PDA and switching multiple models. The
optimal solution (in the minimum mean-square error sense) to target state estimation given sensor
measurements and absence of clutter, requires exponentially increasing (with time) computational
complexity; therefore, one has to resort to suboptimal approximations. For the switching multiple
model approach, the interacting multiple model (IMM) algorithm of [7] has been found to offer a
good compromise between the computational and storage requirements and estimation accuracy
[13]. In the presence of clutter, one has to account for measurements of uncertain origin (target
or clutter?). Here too, in a Bayesian framework, one has to resort to approximations to reduce
the computational complexity, resulting in the PDA filter 2], [5], [1], [12]. In [12] the IMM algo-
rithm has been combined with the PDA filter in a multiple sensor scenario to propose a combined
IMM/MSPDAF (interacting multiple model/ multisensor probabilistic data association filter) algo-
rithm. In [2] and [11] multiple targets in clutter (but without using switching multiple models) have
been considered using JPDA filter which, unlike the PDA filter, accounts for the interference from
other targets. Various versions of IMMJPDA filters for multiple target tracking using switching
multiple models may be found in [3], Sec. 6 of [5], [9] and [10]. While [9] and [10] present uncoupled
filters (i.e. assume that diﬁ”erent.target states are mutually independent conditioned on the past
measurements), (3] and [5] present IMMJPDA coupled filters where the conditional target state
independence assumption is not made. It has been noted in {8] that the IMMJIPDA coupled filter
equations of [3] and [5] are heuristic. [8] presents an “exact” JPDA coupled filter for non-switching
models using the framework of a linear descriptor system.

In this correspondence we extend the approach of [9] which pertains to uncoupled filtering, to
IMMJPDA c'oupled filtering. The only approximations made are those typical for IMM approaches;

there are no other heuristics as in [3] and [5]. We use the standard Markovian switching state-space




systems which, as discussed in Remark 4 in Sec. 3, is equivalent to the linear descriptor system
framework of [8]. Track initialization (formation) is assumed to have been made for each target.
“Standard” assumptions are used for JPDAF ([11], p. 310 of [5]): a measurement can have only
one source; among the possibly several validated measurements, at most one of them can be target-
originated and the remaining validated measurements are assumed to be due to false alarms or
clutter, and are modeled as independently and identically distributed (i.i.d.) with uniform spatial
distribution over the entire validation region (“across all targets”). As in [12] and [9] we use
sequential updating of the state estimates with sensor measurements. As noted in Remark 1 in
Sec.-3, this is a suboptimal approach since joint measurement association events across sensors are
not taken into account; for an optimal approach, one should follow [14]-[16] — see Remark 1 for
further details. '

2 Problem Formulation

Assume that there are total N targets with the target set denoted as Ty := {1,2,---,N}. Aésume
that the dynamics of each target can be modeled as one of the n hypothesized models. The model
set is denoted as M,, := {1,2,---,n} and there are total g sensors. For target r (r € Ty), the event
that model i is in effect during the sampling period (¢x—1,tx] will be denoted by Mi(r). Although
all the targets share a common model set, any two targets may be in different motion status from
time to time. For the j-th hypothesized model (mode), the state dynamics and measurements of

target r (r € Ty) are modeled as
zk(r) = Fi_ () zr_1(r) + GL_ (r)vi _, (r), 1)
2(r) = W (ze(r)) + wil(r) for 1=1,---,q @

where zx(r) is the system state of target r at ¢ and of dimension n, (assuming all targets share

a common state space), zi(r) is the (true) measurement vector (i.e. due to target r) from sensor

l at ¢, and of dimension n,, F,Z_l(r) and G’i_l(r) are the system matrices when model j is in
effect over the sampling period (tx_1,tx] for target r and h%' is the nonlinear transformation of
zi(r) to zL(r) 1 = 1,2, -+, q) for model j. The process noise vi_l('r) and the measurement noise
wi’l(r) are mutually uncorrelated zero-mean white Gaussian processes with covariance matrices
Q{;_l (same for all targets) and R};’l (same for all targets), respectively. At the initial time ¢g, the
initial conditions for the system state of target » under each model Jj are assumed to be Gaussian
random variables with the known mean }(r) and the known covariance P (r). The probability of
target r in model j at to, p(r) = P{Mj(r)}, is also assumed to be known. The switching from
model M_,(r) to model M,'z(r) is governed by a finite-state stationary Markov chain (same for
all targets) with known transition probabilities p;j = P{M}(r)|M}_,(r)}. Henceforth, t; will be
denoted by k. v




In coupled state estimation the states of all targets are estimated jointly [5]. To this end define

the “global” state

zi = col {zx(1), zx(2), - -+ ,zx(N)} ’ (3)
and the corresponding matrices/vectors J := col {ji, jo, - -+ ,jn} Where j,, € M,, is model j for tar-
getm, F := block — diag {Fjl (1), F”(2) - Fi¥(N)}, G{ = block — diag { G} (1), G2(2), -+,
GJN (N )} v = col{ 1) U” 2), -+, vIN(N )} Then we have the state equation for the N tar-
gets as _ ‘

zk = F_yzko1 + G_yvi_, (4)

where E{v] 'uk’ } = Qj := block — diag {Qk y o ,Q,’;N } Similarly define the global measurement

vector at sensor [ as o _
2 = col{z}c(l), 2£(2), - ,zL(N)} » ' (5)

and the corresponding vectors A% (z}) := col {hj1 Hzg(1)), -+, AN (24, (N))},
wy' = col {wf!(1), wf*(2), -~ ,wi¥(N)} where E{w{*w}"'} = R} := block — diag {Bp, " RIM}.
Then the measurement equation for N targets at sensor ! (assuming no clutter and perfect detec-

tions) is given by
2k = hM (zy) +’wi’l for I1=1,.--,q. k (6)

Define the global mode M}/ := {M ,Z‘ 1, ---, M,Z” (N)}. The various targets are assumed to evolve

independently of each other. Therefore, the transition probability for the global modes are given -
by v

N .
pry = P{MJ}(1), -, M{N(N)| ML, (1), -+, MY (M)} = ] i (M
. =1

Similarly we have

ug = P{M§ (1), -, ”(N} Hu‘(l 8)

Regarding the measurements at sensor I, we follow the notations and definitions used used
in [9]. At any time k, some measurements may be due to clutter and some due to the target.
The measurement set (not yet validated) generated by sensor ! at time k is denoted as Z,c =
{zi(l),zi(z),~ l(m’)} where m; is the number of measurements generated by sensor ! at time
k. Variable z; () (¢ = 1,---,my) is the ith measurement within the set. The validated set of
measurements of sensor ! at time k will be denoted by Yk’, containing ; (< my) measurement
vectors. The cumulative set of validated measurements from sensor ! up to time k is denoted as

k(l) = {Y},Y},--,Y}}. The cumulative set of validated measurements from all sensors up to time

k is denoted as Zf = {Z’{c ™ Zf @ ... ,Z]k (q)} where g is the number of sensors.
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Assuming there are no unresolved measurements (i.e. measurement associated with two or more
targets simultaneously), any measurement therefore is either associated with a target or caused by
clutter. Our goal is to find the global state estimate Zy;, = E{z1|ZF} and the associated error
covariance matrix Py = E{[zk — Zxpllze — Zxp)|2F} where 2, denotes the transpose of z.

Included in the above formulation is state estimates of individual targets.

3 IMM/JPDA Coupled Filtering Algorithm

We now modify the IMM/JPDA algorithm of [9] to apply to the coupled system (3)-(8); it will be
called IMM/JPDACF (CF stands for coupled filter). The approach of [9], in turn, is based on the
approaches of [12], [11], [5] and [2]. As in [12] and [9], for convenience, we confine our attention
to the case of 2 sensors; however, the algorithm can be easily adapted to the case of arbitrary ¢
sensors. As the IMM/MSPDAF algorithm is well-explained in [12] and Sec. 4.5 of [5], the JPDAF
algorithm is well-explained in Sec. 6.2 of [5] and Sec. 9.3 of [2] and the IMM/JPDA filter is given in
detail in [9], we will only briefly outline the basic steps in “one cycle” of the IMM/JPDA coupled
filter.

Assumed available: Given the state estimate ﬁl{—uk—l = E{mk_lleJ_l,Zf"l}, the associated
covari@nce PkJ-—llk—l and the conditional mode probability pi_l = P[M,'CI_1|Z{‘"1] at time k — 1 for
each global mode J € M,, := M, X -+ X M. '

Step 3.1. Interaction — mixing of the estimate from the previous time (VJ € M,,):

predicted mode probability: u)~ := P{M]|2F1} = Z DIy 9)
. I
mixing probability: p'V = P{M{_y|My, Z2f 7'} = prap 1/~ (10)
mixed estimate: :’52{1“6_1 = E{zp_1 | MY, 251} = Z:}:‘,{_llk_lylu. (11)
: ' , 1

covariance E{[zx—;1 — 52'11“6_.1][:1;;0_1 - ig{llk_l]'lM,‘!, Z{“__l} of the mixed estimate:

o _ 1 A1 ~0J Al ~0J 1y
Pl i1 = D _APi—tphr + Bhoapemt — Zolappo1) Broaje—n — Z 1) 3. (12)
T : _

Step 3.2. Predicted state and measurements for Sensor 1 (VJ € M,,):
~ State prediction: E,{“c_l = E{z| M, 2F 1) = Flé]—lil(:{l|k—1‘ (13)

State prediction error covariance E{[zy — :’ii] k11K — iilk_l]’ M, 251}

Pl;]lk—l = FI;:]—IPI?—{Hk—lFI::I—l + G QLG : (14)




Using (2) and (13) the global mode-conditioned predicted measurement for sensor 1 is Z "k]l =
h? l(mkl k—1)- Using linearized (6), the covariance of the mode-conditioned residual v‘”(!) I(I) -
1=z 1D = col{z ™), ..., 2 1(”")}), is given by
57t = B D D, 21y = HP B, BV + RY . | (15)

where H ! is the first order derivative (Jacobian matrix) of A%1(.) at E,{l(,?ll. Note that (15)

assumes that zk (i) originates from the target r.

Step 3.3. Measurement validation for sensor 1 (Vj € M,): First perform measurement
- validation for each target r (r € Ty) separately. For target r, the validation region is taken to be
the same for all models, i.e., as the largest of them. Let Si’l(r) denote the n,; X n,1 submatrix of
.S'J’1 including the rows and columns of the latter numbered as (r—1)n,; +m, m = 1,2,---,7. That
is, SJ’ (r) is based on the information relevant to target » only. Let z"’ (r) denote the n,; x 1 sub-
column of z,c mcludlng the rows of the latter numbered as (r—Dnz+m,m=1,2---,r; that is,

?,;”1 () is the mode-conditioned predicted measurement of target r for sensor 1. Let (|A| = det(4))

b = arg { e 1597 ()1} (16)
| Then measurement zl(’) (i=1,2,- ,ml) is validated if and only if
2 = NS EY ~Ee <r - (17)

where 7 is an appropriate threshold. The volume of the validation region with the threshold
v is VA(r) i= cn,y*1/2|Sim (r)|1/2 where n,; is the dimension of the measurement and ¢, is
the volume of the unit hypersphere of thié dimension. After performing the validation for each
target separately, the volume of validation region for the whole target set is approximated by
Vi =L Vi)

Step 3.4. State estimation with validated measurements from sensor 1 (VJ € M,):
Given Z;, l.= {z 1) 2 ,1(2), e ,zi(m‘)}, define ‘the set of validated measurement for sensor 1 at time
kas V! = {y, 1(1) 1(2) . ,y,lc(m‘)} where 7; is total number of validated measurement for sensor
1 at time k. and yl(z) ,lc(l‘) with 1 <1 <l < -+ < lm; £ my when ) # 0. We now consider
joint probabilistic data association across targets following [5] and [2], but for global target state;
‘note that here we consider only sensor 1 (see also Remark 1 later). A marginal association event

0;, is said to be effective at time k& when the validated measurement yk()

is associated with (i.e.
originates from) target r (r = 0,---, N where 7 = 0 means that the measurement is caused by
clutter). Assuming that there are no unresolved measurements, a joint association event © is
effective when a set of marginal events {6;.} holds true simultaneously. That is, © = n,.ﬁ__}le,-,,.
1(3) .

where 7; is the index of the target to which measurement y,'” is associated in the event under

consideration. Define the validation matrix (as in [5] and [2])

Q:[wzr] i=1,-~-,m1, T=0"'°)N (18)




where w;- =1 if the measurement ¢ lies in the validation gate of target r, else it is zero. A joint

association event © is represented by the event matrix
0(6) = [@:(@)] i=1,--,m;, r=0,---,N | (19)

where @;,(©) = 1if 8, C ©, =0 otherwise. A feasible association event is one where a measurement
can have only one source (3N &;(©) =1 Vi) and where at most one measurement can originate
from a target. The feasible association joint events © are mutually exclusive and exhaustive. '
Following the definitions in [5] and [2], define the binary measurement association indicator
7(8) := ¥N,5,(8), (i = 1,---,7), to indicate whether the validated measurement yi(i) is
associated with a target in event ©. Further, the number of false (unassociated) measurements in
event © is $(©) = Y4 [1 — 7(©)]. We will limit our discussion to nonparametric JPDA [5] and

[2]. One can evaluate the likelihood that the global mode is J as

A=, 25 = Y plle, MY, 25 P(elM], 25
P!
=Y plvie, M, 2f-1|P{e}, - (20)
(]

where (Sec. 6.2 of [5], Sec. 9.3 of [2])

oy — YO)E T b 15.0) (1 _ pryi-is(®) R
P{e} = L T1(Po)» @1 - Pp) , 8,(0) == 3 @:,(0), (21)
: s=1 =20

Pp is the detection probability at sensor 1 (assumed to be the same for all targets) and € > 0 is
a “diffuse” prior (for nonparametric modeling of clutter) whose exact value is irrelevant. Unlike
[9], we do not assume that the states of the targets (including the modes) conditioned on the past

observations are mutually i'ndependent. Then we have
plY21©, My, 2F°1 = v *©pT(e) M, 257) | (22)

where ¥;!(©) C Y}! is a subset of the validated measurements Y}}, consisting of the measurements
associated with the targets as specified by ©. The number of measurements in ?kl (©) equal T; —
#(©) where ¢(©) is the number of false alarms.

Define a 7 X [T — ¢(©)] matrix {(©) as a submatrix of {}(©) obtained by deleting the first
column and all null columns of }(©). Then for a given ©, we have a measurement vector Yl(e)

m

of dimension (3°;%4 7i(©))n.1 given by

Y2(©) = (In,, @ (©))col{;?, i = 1,2,---, 71} (23)

where we stack up all target-associated validated measurements in © in ascending order of targets,
I, is the n X n identity matrix, and the symbol ® denotes the Kronecker product. Define a
(1 — ¢(©))n1] X [Nnz) matrix H ,{ 1(©) as a submatrix of H ,f ! obtained by deleting all i-th block




rows (ny X .) of H, ,‘!’1 for which 6;(©) = 0. That is, we have modified H, ,‘c]’l to keep only the block
elements associated with target-associated measurements in ©. It then follows that the linearized

measurement equation for f’kl(@) is given by
72(0) = H¥' @) +upt. , (24)

Conditioned on the joint association event © and mode J, the “coupled” innovations is given
by o

_ o '
Ji(6) = { Y1(0) - 501(©) if6,.(0) =1 for somer € {1,2,---,N}, )

0 . otherwise,

where 2,5’1(9) is a subvector of 2}3’1 obtained by deleting all i-th block rows (n,; x 1) of 'z"k]’1 for
which §;(©) = 0. The conditional pdf (probability density function) of the validated measurements
Y1(©) given their origins (specified by ©) and the global target mode J, is given by

V2 (©)IM{, 2871 = N (Vi (©); 3 (0), 5.1 (8)) (26)
where

N(z;y, P) i= 2P| expl—2 (@ — 4 P~z ~ 9)] 27

571(8) = E({' @ (O IM{, 287} = B (O) P H' (8 + RY. (28)

The probability of the joint association event © given that global mode J is effective from time
k — 1 through k is '

6i1(0) = P(O|M{, 247 )} = Zplvpie, M, 2t |P{e) @

where the first term can be calculated from (22)-(28), the second term from (21), and c is a
normalization constant such that g P{O|M{, 251, V!} = 1.

Using 5,{1 k—q (from (13)) and its covariance PfcI] x—1 (from (14)), one computes the partial update
:’iil,lc and its covariance Pch . following the standard PDAF [5], [2], except that the global state is

conditioned on ©, not the marginal events 6;,; details follow.
Kalman gain: W} (©) = Bj,_,H;" (0)[Sy (©)]". : . (30)

Partial update of the state estimate:. “;Egli( ) := E{zx|®, M, 2F1 Y}

| Fp + W@ (©) i 6:(8) #0 forsome 1< r < N a1
By if 6-(©) =0 Vr € {1,2,---,N}.
T = BlodlM{, 27 V) = 2 1(©)z1(0) (32)




Covariance of iii,lc : PkJI’: =Plha— Y, srrewi (©)sy @)Wy (o)
_ 0:6+6, _

z N AHCIEC RN

Zﬁ“ A HZ () WkJ(@)v (©) (33)

where ©y denotes © for which 6,(0) =0 Vr € {1,2,---, N}. Eqn. (33) follows in a manner similar
to eqn. (3.4.2-10) in [5].

Step 3.5. The mode-conditioned predicted measurements for sensor 2 (VJ € M,,): The

“predicted” measurement for sensor 2 is given by

5= (E0). (34)
The covariance of the global mode-conditioned residual VJ A 2(1) "]2 is given by
51}]’2 = E {u,f’2(I)V,f’2(I)'l M 21 vl = ng Pkllc HJ2/ + R,{’2 ‘ (35)

where H ;CI ’2_is the first order derivative (Jacobian matrix) of h”%2(.) at ii‘}c

Step 3.6. Measurement validation for sensor 2: This is similar to Step 3.3 where we replace
.S'J’l with S , zl(’) with 22( 2 , mp with ma, Vi(r) with ViX(r), and V! with V2. Details are similar
to that in Step 3.3, hence are omitted.

Step 3.7. Update with validated measurements for sensor 2 (VJ € M,): This step is

similar to Step 3.4. Using the validated measurements obtained from Step 3.6 and starting from

éz‘zli and ijl’,:, one computes the final updates 51{|k and Pk]l «» @nd the likelihood

J2 . - '
A= YR 2R, (36)
The details are similar to that in Step 3.4, hence are omitted.
Step 3.8. Update of mode probabilities (Vj € M,, Vr € Ty):
1 5, 71,72
ui = PIM{| 28] = ~ " A A ' \ (37)
where c is a normalization constant such that 3,y = 1. For individual targets we have

. n n n n 3 . . o . N
#.;cr(,r.) — P[M;‘Zr('l'”Z{c] — Z Z Z Z M.LI, WJr—13dradrd+1:7IN (38)

. 1=l jr—1=1jrq1=1  jn=1
with J = (j1,--+,Jn) in (37).
Step 3.9. Combination of the mode-conditioned estimates (Vr € Ty): The final global
state estimate update at time k is given by Zyx = 3, ‘”k[k“k and its covariance is given by
Pur = 3 {Pk“c + [a:kl,c - mka][mklk = Zppp) }[Lk The state estimate Ty (r) for target r is the

ng-subvector of Zj; consisting of elements (r — 1)nz +m, m =1,2,--- ,n,.

9




Remark 1. In the above algorithm we used sequential updating of the state estimates with
measurements (one sensor at a time — see Steps 3.4 and 3.7) as in [9] and [12]. This approach is
suboptimal but leads to computational savings as one does not have to simultaneously associate
measurements across sensors (as in [14]-[16]). In Step 3.4 we are interested in (an approximation
to) E{zx|Mj, 2¥~1, Y} which is decomposed as in (32) conditioned on ©’s; measurements Y} are
not considered in this step. If one were to seek E{xzx|M{,ZF1,V!,Y;2}, then we would have to
follow the approach of [14]-[16] by picking all possible association events across sensors also.

Remark 2. Compared to the uncoupled filtering of [9] where the equations are formulated
conditioned on marginal association events 8;., here we have conditioning on joint association events
© for coupled filtering. Eqn. (26) does not decompose into the product of marginal probabilities
as in [9]. ‘

Remark 3. Partition the set of all ©s into disjoint sets ©;s such that

8, :={0]6.(8)=6.(8) Vr, 6 €©;}

where i = 1,2,---, K. For instance, for N = 2, we have K = 4 with ©; = all ©s in which there
are two validated measurements associated with two targets, ©5 = all ©s in which one validated
measurement is associated with target 1 and none with target 2, ©3 = all ©s in which one validated
measurement is associated with target 2 and none with target 3, and ©4 = all ©s in which none
of the validated measurements are associated with any target. It is then easily seen that WkJ (8),
H ,‘c]’l(@), S,f’l(G) and ,6,‘:’1(@) in Step 3.4, all are invariant for © € ©;. This fact can be used to
simplify computations in (31)-(33). Similar comments apply to Step 3.7.

Remark 4. If one substitutes (23) into (24), then one obtains a linear descriptor system type
of equation such as (12) in [8]. Therefore, the standard state-space system framework used in this
paper and the linear descriptor system framework used in [8] are equivalent (except that [8] uses
non-switching models whereas we use Markovian switching models). We have retained the notation
and formulation of the earlier papers in the field (e.g. [5], [7], [9] and [12]) whereas [8] prefers to

follow a linear descriptor system formulation.
4 Simulation Examples
We now consider tracking two highly maneuvering targets in clutter.

4.1 Example 1 |

The True Trajectory: Target 1 starts at location [21689 10840 40] in Cartesian coordinates in
meters. The initial velocity (in m/s) is [-8.3 — 399.9 0] and the target stays at constant altitude
with a constant speed of 400m/s. Its trajectory is: a straight line with constant velocity between

0 and 17s, a coordinated turn (0.15 rad/s) with constant acceleration of 60 m/ s? between 17 and

10




30s, a straight line with constant velocity between 30 and 55s, a coordinated turn (0.1 rad/s) with
constant acceleration of 40 m/s? between 55 and 70s, and a straight line with constant velocity
between 70 and 87s. Target 2 starts at location [30000 — 3040 40] in Cartesian coordinates in
meters. The initial velocity (in m/s) is [—382 157 0] and the target stays at constant altitude with
a constant speed of 413m/s. Its trajectory is: a straight line with constant velocity between 0 and
44s, a coordinated turn (0.075 rad/s) with constant acceleration of 30 m/s? between 44 and 59s,
and a straight line constant velocity between 59 and 87s.

The Target Motion Models: These are exactly as in [9]. The motion models for the two
targets are identical. In each mode the target dynamics are modeled in Cartesian coordinates
as zk(r) = F(r)zg-1(r) + G(r)vk_1(r) where the state of the target is position, velocity and
acceleration in each of the 3 Cartesian coordinates (z, y and z). Model 1 for nearly constant
velocity model with zero mean perturbation in acceleration; Model 2 for Wiener process acceleration
(nearly constant acceleration motion); Model 3 for Wiener process acceleration (model with large
acceleration increments, for the onset and termination of maneuvers). The details regarding these
models may be found in [9]. The initial model probabilities for two targets are identical: | ud=0.8,
pd = 0.1 and p3 = 0.1. The mode switching probability matrix for two targets is also identical and
‘is as in [9]. ' '
The Sensors: Two sensors (we assume collocation, and time synchronization of observations,
etc.) are used to obtain the measurements. The measurements from sensor | for model j are
2z = hj'l(mk)+wi’l, [ = 1,2, reflecting range and azimuth angle for sensor 1 (radar), and azimuth and
elevation angles for sensor 2 (infrared). The rangé, azimuth and elevation tré,nsformations, respec-
tively, are given by r = (22 + 32+ z2)!/2, a=tan"(y/z), e=tan"'[z/(z%+y?)!/?]. The mea-
surement noise wi’l for sensor [ is assumed to be zero-mean white Gaussian with known covariances
R! = diag[qy, qa1) = diag[400m?, 49mrad2] with g.1 and ¢, denoting the variances for the radar az-
imuth and range measurement noises, respectively, and R? = diag[g,2, ge] = diag[dmrad?, 4mrad?]
with gg2 and g. denoting the variances for the infrared sensor azimuth and elevation measurement
noises, respectively. Both sensors are assumed to be located at the coordinate system origin. The
sampling interval was T' = 1s and it was assumed that the probability of detection Pp = 0.997 for
both sensors.

The Clutter: For generating false measurements in simulations, the -clutter was assumed to
be Poisson distributed with expected number of A; = 20 x 107%/m mrad for sensor 1 and Ay =
2 x 10~*/mrad? for sensor 2. _ |

Other Parameters: The gates for setting up the validation regions for both the sensors were
based on the threshold v = 16 corresponding to a gate probability Pg = 0.9997.

Simulation Results: The results were obtained from 1000 Monte Carlo runs. Fig. 1 shows the
true trajectory of the two targets and the distance between the two targets as a function of time.

The two targets start out far apart, move close to each other from 30 to 45 seconds, and then
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move apart again. Fig. 2 shows the results of the proposed IMM/JPDACF based on 993 successful
runs (target swapping occurred in 7 out of 1000 runs). Fig. 3 shows the results of the uncoupled
IMM/JPDAF of [9] based on 982 successful runs (target swapping occurred in 18 out of 1000
runs). Comparing Figs. 2 and 3 we see that when there is no target swapping, differences between
the coupled and uncoupled filters are small. To assess the computational requirements of the two
approaches, we computed the CPU time needed to execute one time step (averaged over 10 runs
and 87 time steps in each run) in MATLAB 6.5 on a 1 GHz (Mobile) Pentium III operating under
Windows XP (professional). The uncoupled IMM/JPDAF needs 0.1063 secs compared to 0.1369
secs required by IMM/JPDACF. Thus with a 29% increase in computational cost, IMM/JPDACF
results in a 61% fewer target swappings compared with uncoupled IMM/JPDAF. Finally, neither

approach experienced any loss of tracks, only target swapping.

4.2 Example 2

We now consider the same secnario as that in Example 1 except for a linear shift in the y-direction
in the trajectory of target 2. Target 2 now starts at {30000 — 3040 + d 40]m with d= -500, -250,
250 or 500m. When d = 0, we get Example 1. Different values of d lead to different separations
and encounters between the trajectories of the two targets: Fig. 5(a),(b) shows the true trajectory
of the two targets for two different values of d (-500m and 500m). For each value of d, results
were obtained from 100 Monte Carlo runs. Table 1 shows the number of successful runs (no target
swapping) versus d for the two approaches IMM/JPDACF and IMM/JPDAF. Fig. 4(c)-(f) shows
- the position error versus time for different values of d averaged over only the successful runs. It is
seen from Table 1 and Fig. 4 that IMM/JPDACEF is either better than IMM/JPDAF (e.g. d=-250m

or Om) or similar to IMM/JPDAF (other values of d: larger separation) in performance.

5 Conclusions

We proposed a novel IMM/JPDA coupled filtering algorithm for state (position, velocity and ac-
celeration) estimation for multiple highly maneuvering targets in clutter. The algorithm was illus-
trated via a simulation example where with a 29% increase in computational cost, IMM/JPDACF
resulted in a 61% fewer target swappings compared with uncoupled IMM/ JPDAF; neither approach

~ experienced any loss of tracks.
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The trajectory of the two targets
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Figure 1: Example 1. The true trajectories of the maneuvering targets (read left-to-right, top--

to-bottom): (a) Position in the zy—plane. (b) z and y velocities. (c) z and y accelerations. (d)

distance between the targets.

d | IMM/JPDACF

IMM/JPDAF

-500m 100/100
-250m 99/100

0m 993/1000
250m 100/100
500m 100/100

100/100
96,/100
982/1000
100/100
100,/100

Table 1: Ezample 2. Number of successful runs (numerator) out of 100 or 1000 Monte Carlo runs ‘

(denominator) for various values of y-shift d.
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Figure 2: Example 1. Performance of the proposed IMM/JPDACF based on successful (993) runs
(read left to right, top to bottom): (a) RMSE in position. (b) RMSE in velocity. (¢) RMSE in

acceleration. (d) CV model probability P[M}(r)|2ZF] for r = 1,2. (RMSE = root mean-square

error; CV = constant velocity)

15




2 g
ig 18
1 1R
ig 18
E - 49 .
Ww Sm
g
18 = .wm
18 18
18 18
lw 49
f B B N
o o o =3 e S o o -1
(sau) Qypojen uy ISNY (1 19pow) Aynqeqosd epow
8 : &
- pol
5% 5
5%
is 18 [|23 18
H t R
] ie L fn.nnnu-:w 18
ig 8
-—- T
[ S S
18 & W 12 ¢
H < s
.Mm .wm
...... R
18 .?\m.:rnlnnﬁw. 18
\If
18 wog* T |..u1 H. |||||||||| 18
e 1e

-0
70

(w) uonisod ut ISKY

0
70

- 2 e 8 4 e
(s-50) UoeIRRIIE Ul ISWY

Figure 3: Example 1. Performance of the IMM/JPDAF of [9] based on successful (982) runs
(read left to right, top to bottom): (a) RMSE in position. (b) RMSE in velocity. (c) RMSE in

acceleration. (d) CV model probability P[M}(r)|2¥] for r = 1,2. (RMSE = root mean-square

error; CV = constant velocity)
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Figure 4: Example 2. The true trajectories of the maneuvering targets in terms of position in
the zy—plane for two values of y-shift d. (read left-to-right, top-to-bottom): (a) d=-500m, (b)
d=500m. Performance (RMSE in position) of the proposed IMM/JPDACF and the IMM/JPDAF
of [9] based on successful runs for two values of y-shift d (read left to right, top to bottom): (c)
d=-500m, IMM/JPDACF, (d) d=500m, IMM/JPDACF, (e) d=-500m, IMM/JPDAF, (f) d=500m,
IMM/JPDAF. 17 '




